This paper presents a new LiDAR segmentation technique for automatic building detection and roof plane extraction. First, it uses a height threshold, based on the digital elevation model it divides the LiDAR point cloud into "ground" and "nonground" points. Then, starting from the maximum LiDAR height, and decreasing the height at each iteration, it looks for points to form planar roof segments. At each height level, it clusters the points based on the distance and finds straight lines using the points. The nearest coplanar point to the midpoint of each line is used as a seed point and the plane is grown in a region growing fashion. Finally, a rule-based procedure is followed to remove planar segments in trees. The experimental results show that the proposed technique offers a high building detection and roof plane extraction rates while compared to other recently proposed techniques.
INTRODUCTION
Building detection and three dimensional (3D) roof reconstruction from the remote sensing data have been an active research topic for about two decades. Accurate detection of building boundary and extraction of individual roof plane is a vital information for various applications, including urban planning, virtual reality, disaster management, detection of unlawful extension of properties etc. [1] , [2] . The potential fields of applications are increasing day by day. Hence, many automated algorithms have been reported over the last couple of decades. These algorithms can be categorised into three main groups [3] : image only, LiDAR only and combination of image and LiDAR data.
Many researchers have applied 2D or 3D information from the photogrammetric imagery for building detection and roof extraction. However, these methods suffer from various problems. A high resolution image contains more detailed information, so the complexity of detecting buildings from the Corresponding author: S M Abdullah non-building objects increases as the resolution of the image increases [1] . Regardless of this problem, shadows and occlusions have also the negative effect for building detection. The 3D information derived from stereo images, like depth information, is even more challenging and offers poor accuracy. Moreover, nearby trees of similar height make the use of such data more difficult [4] .
In LiDAR (Light Detection And Ranging) only approaches, LiDAR point cloud is used for building detection and extraction. The current LiDAR point cloud is dense; it has high accuracy in height and can be used directly to extract the 3D objects on the earth. Unlike image acquisition systems, LiDAR data come from active systems, so it can be gathered during the day or night. The acquisition systems have other advantages like, fast data acquisition, high point density, and canopy penetration [5] .
Currently, many researchers are trying to combine high resolution imagery and LiDAR data for building detection and extraction [3] . By using dense LiDAR data, it is possible to avoid problems involving imagery alone.
In this paper, we have focused on LiDAR-based building detection and extraction process. It is chosen for its highly accurate 3D information and less complexity in information processing.
The rest of the paper is designed as follows: Section 2 discusses the related research work. Section 3 describes the proposed method, followed by the experimental results, analysis, and comparison in Section 4. Concluding remarks are provided in Section 5.
RELATED WORK
Awrangjeb and Fraser presented a rule-based approach [6] for automatic roof extraction. This approach classified the raw LiDAR point cloud into ground and non-ground points. A building mask was generated using the ground points and individual buildings and trees were obtained as clusters of black pixels from the mask. The co-planarity of each non-ground point was tested using the Delaunay neighbourhood. After that, planar segments were extracted from the non-ground Li-DAR points. To refine the results the authors introduced a rule-based approach. Finally, false planes were removed to get the final set of roof planes. Experimental results showed that the approach missed small buildings and roof planes. Sampath and Shan presented a solution framework [7] for building roof extraction. It determined the planarity of each LiDAR point based on eigenvalue analysis. Non-planar points were discarded for further processing. After that, it clustered the planar points by using fuzzy k-means approach. The framework achieved good evaluation results. However, the method exhibited high reconstruction error due to removal of LiDAR points near to the plane boundaries. Moreover, the fuzzy k-means clustering algorithm is computationally expensive. Sohn et al. [8] exploited a Binary Space Partitioning (BSP) tree for polyhedral building reconstruction. Buildings were detected by classifying the LiDAR data into building and non-building points. These classified building points were clustered based on height and planar similarity. Then it extracted lines and generated building model by applying the BSP tree. Perera et at. [9] proposed an automated method for 3D roof outline generation. It introduced cycle graph for the best use of topological information. The proposed method segmented LiDAR data into planar patches. Lines around the patches were extracted and subsequently used to construct a roof topology graph. This was used to reconstruct inner and outer boundaries. Experimental results indicated that the process failed to detect flat and shaded buildings while it included vegetation as extracted buildings.
PROPOSED METHOD
The proposed method starts with LiDAR data as input. It uses raw LiDAR data. LiDAR data are a series of points stored as X, Y, and Z. The X and Y values correspond to easting and northing and Z is the elevation in metre. Figure 1 outlines the proposed method. The procedure has six major steps. Firstly, it divides the LiDAR point cloud into two groups: ground and non-ground points. As the method focuses on buildings, only the non-ground points from the LiDAR point cloud are sufficient. Secondly, each of the Li-DAR points is marked as coplanar or non-coplanar based on a coplanarity analysis. Thirdly, lines are extracted from the LiDAR point cloud at different height levels. Considering the nearest coplanar point to the middle of a line as a seed point, a planar segment is grown in a region growing fashion. In the next step, planes on trees and other non-building structures are removed using a rule-based procedure. Finally, the planar segments are combined on a neighbourhood basis to obtain the individual building boundary.
Finding the non-ground points
Classifying the LiDAR point cloud is a crucial step for constructing building footprints. Hence, different approaches are reported in the literature to divide or classify the LiDAR point cloud. In our proposed method, a DEM has been generated from the input LiDAR data by using a commercial software MARS Explorer [10] . To group the LiDAR point cloud as ground points and non-ground points, the ground height from the DEM along with a threshold is used. The threshold value is considered as 1 m [6] . For each LiDAR point T h = H g + 1 is calculated where H g is the ground height. We consider any object which is 1 m higher than the ground height as building. By applying low height threshold, the method might be able to detect small height buildings. If the ground height (H g ) is undefined in the DEM, the mean height from the surrounding neighbourhood is used as the ground height. All the points that are above T h are non-ground points and the rest are ground points. From now on, LiDAR data refer in this paper contains only the non-ground points.
Coplanar and non-coplanar points
The eigenvalues of the covariance matrix are used to ascertain whether a point is coplanar or non-coplanar with respect to its neighbouring points. At first, all LiDAR points are used to create a Delaunay triangulation. For each LiDAR point, the neighbouring triangles are determined. Each LiDAR point and its neighbouring triangles are considered for coplanarity analysis. If l is a LiDAR point and dnbr(l) defines the neighbouring triangular points of l (the triangles which contain l as one of their vertex) then these points are used for coplanarity analysis. Theoretically the eigenvalues from these points must be zero if l is a coplanar point with respect to its neighbourhood. Due to inherent noise associated with the LiDAR data, it is improbable that the eigenvalues will be zero, even for planar neighbourhood. So we apply normalise eigenvalue.
If the smallest normalised eigenvalue is at least 0.005 [7] , l is considered as a coplanar point with respect to its neighbourhood. Figure 2(b) shows the coplanar and non-coplanar points for a test scene of Figure 2 (a). The points that are marked by yellow colour are coplanar points and the remaining magenta coloured points are non-coplanar. As can be seen the majority of points on trees are non-coplanar and those on buildings are coplanar. 
Seed point selection
This step begins with the maximum LiDAR point height. It accumulates all of the points at each particular height with a tolerance height threshold. This can be represented as M = {p ∈ P |H − τ < p h <= H + τ }, here P represents the LiDAR point cloud where p h appears for the height of point p and H acts for the current height level. Points satisfying the above equation are selected where τ indicates the tolerance height threshold, which is set here 10 cm. As LiDAR data have inherent noise, it is unlikely to get all the points at a particular height level. Since the error in the LiDAR estimated height is usually higher than 10 cm [11] , τ = 10 cm is a reasonable threshold. All of the points in M may not belong to the same building or plane. The points in M are clustered based on 2D (X,Y) distance. Lines are extracted from each cluster. The nearest coplanar point to the midpoint of each extracted line is used to select the seed point. This procedure runs iteratively and in each iteration H is reduced by 0.5 m until it reaches the minimum LiDAR point height. This value is set empirically. If the density of the LiDAR point cloud is low (<= 1 point/m 2 ), then the chance of getting new seed point for plane extraction will be eventually low. However, for higher density the possibility increases. Setting the value as 0.5 m allows us not to lose any significant plane, even at a low point density.
Initial plane extraction
In this section, we describe the procedure of roof extraction for a single plane. All of the planar segments can be extracted by running the procedure iteratively. Each seed point and its neighbouring points are used to generate a plane equation. The initial plane is grown until no new points cannot be added. To grow the initial plane those points are chosen which are the neighbourhood of the current plane but do not belong to it. Before updating the plane equation, the new points are filtered based on a plane fitting error and the height difference between the estimated height and the LiDAR height of the points. Two different thresholds are considered. The values are set 15 cm and 10 cm respectively [2] . All of the new points that satisfy one of the two threshold values are appended to the initial plane and the plane equation is updated. To reduce the number of unwanted planes the average standard deviation of height of all of the non-ground LiDAR points is used as a parameter to determine a plane to be useful or unwanted. Comparatively, planes on trees have a higher standard deviation than planes on building. If the standard deviation of height of a plane is higher than the average standard deviation the plane is discarded. By employing this observation some of the unwanted planes (planes on trees) can be discarded before final pruning. Figure 3 illustrates all of the initial planes after this step for a test data set. 
Tree and non-building plane removal
Some of the planes extracted by using above-mentioned procedure may be on trees and other non-building structures. To remove those unwanted planes, a rule-based tree removal approach is applied to the initial set of planar segments. All parameter values use in this method are set empirically through a sensitivity analysis.
Used point ratio
The ratio of used points and actual number of points in a plane is considered as a parameter for tree removal. To calculate the actual number of points, the planar segment is bounded by a rectangular region. All the LiDAR points in it are considered as actual points. If the ratio is less than 60% the plane is removed.
Object shape information
The shape information of a plane like area and width are used to remove planar segments on trees. If a plane has a negligible width (<= 1 m) regardless of other parameters the plane is removed. This rule removes the planes that are extracted on the fence or on the gutter. The area of a plane is also used to remove trees. For an isolated plane (buildings having only a plane) if it has a small area (< 5 m 2 ) the plane is not considered as a building plane and for non-isolated planes (planes with other large planes in their neighbourhood) the area parameter is reduced to 1 m 2 .
Height gap
The above two rules are able to remove most of the planes on trees and non-building structures. To remove the remaining ones, the height gap among those points within a plane is evaluated. In this measurement, the main concern is to find any significant height difference. All of the points in a plane are clustered based on height. If there are several clusters, the average height differences for all clusters are calculated. If there is a significant difference in height, the plane is considered as a tree plane. The motivation of this rule comes from the idea that there is a less height gap in building as the Li-DAR points are not penetrating the roof. However, for the trees, as the LiDAR points are coming from various parts of the tree there may have vertical height gap in a plane. This observation is used here to remove planes on trees. Figure 4 shows a portion of a data set where the left image presents the initial situation before applying tree removal process and the right one shows the effect after tree removal.
(a) Before tree removal (b) After tree removal Fig. 4 . A portion of a data set showing the situation before and after tree removal step.
Building outline detection and plane extraction
This is the final step of the method, where the outline of the building is generated. The extracted planes are grouped into several clusters based on 2D distance. Each of the clusters represents a building. By combining all the points in a cluster the building outline are obtained. After that, the boundary of each building and each plane is determined. The final detected buildings and extracted roof planes are shown in Fig 
PERFORMANCE STUDY

Data set
In the conducted performance study, ISPRS (International Society for Photogrammetry and Remote Sensing) benchmark data set, provided by ISPRS WG III/4, has been used. The data set was captured over Vaihingen in Germany that has three different test areas. Area 1 is situated in the centre of the city of Vaihingen. It is characterised by dense development consisting of historic buildings having complex shapes, but also has some trees. The size of the area is 217 m × 161 m with the point density of 3.5 points/m 2 . Area 2 is characterised by a few high-rising residential buildings that are surrounded by trees and has an area of 231 m × 203 m with the point density of 3.9 points/m 2 . Area 3 is a purely residential area with small-detached houses. It has area of 235 m×168 m with the point density of 3.7 points/m 2 . proposed method extracted an elevated object as a building which is not considered as building in reference. Therefore, it has lower correctness. In object-based (next six columns), higher correctness values are observed than completeness. For large buildings (area > 50 m 2 ) almost accurate results are found. Finally, Root-mean-square (RMS) error of the detected boundary is provided. In area 2, minimum RMS error is observed. Due to many small buildings the RMS error is higher in area 3. The average value is 1.3 m.
Evaluation results
Roof plane extraction results are reported in Table 2 . The presented results show that it misses some of the building or parts of buildings due to height lower than 1 m from the ground height, though the average completeness is about 89.5%. It includes less trees, hence the average correctness is above 92%. As it misses some roof planes, objectbased completeness is reduced and the average completeness is about 76.5%, but as the same nature of area-based evaluation of building detection, the average correctness is higher here which is more than 94%. For large planes (area > 10 m 2 ) it exhibits better results with around 91% completeness and more than 95% correctness. The RMS error and the height accuracy (RM S z ) are reported next. The RMS error is slightly lower than the RMS error of building detection process. In all test areas, the RM S z is lower than the LiDAR point spacing of the data set.
Comparison results
The building detection results were compared with a recent work of Zhan et al. [12] . The roof plane extraction results were compared with another method proposed by Perera et al. [9] . Zhan's and Perera's Results were collected from IS-PRS benchmark test results. Here, PM represents our proposed method and com. and corr. correspond completeness and correctness respectively. Figure 6 shows the object-based building detection comparison chart. Both the completeness and correctness were improved in the proposed method. Best results were observed in area 2 of benchmark data set. In area-based comparison, the completeness of the proposed method was higher in all test areas. However, the correctness was slightly lower in area 2 and area 3, but higher in area 1. For large buildings, our proposed method provided higher completeness in all test areas. The correctness was slightly lower in area 3, but higher in the other two areas. Figure 7 shows the object-based roof plane extraction comparison chart.
An increment of completeness was observed in all test areas. However, the correctness was approximately same for both approaches. The object-based completeness was also higher in the proposed method. We cannot compare the areabased results, as it was not provided.
CONCLUSIONS
In this paper, a new method for building detection and roof plane extraction using LiDAR point cloud is presented. By using only LiDAR data, the complexity of the approach is reduced and we get rid problems of using image-based approaches. The experimental results showed that the method performed properly with different test cases. The procedure was also tested with non-benchmark data sets and it also showed consistent results. In most of the situations, the comparison results were in favour of the proposed method. However, we need to make the method more robust so it can identify small height buildings and include less vegetation.
ACKNOWLEDGMENTS
